Motivation: Function of proteins or a network of interacting proteins often involves com-
Introduction
The classification of proteins based on their structures into families is useful not only in assigning distinct functions but also for examining the evolution of sequences with related functions. Because proteins in a family are descendants of the same ancestral protein, it is logical to postulate that the observed sequence differences are the result of evolutionary pressure which vary greatly across distinct organisms. Sequence variations are tempered by the requirements of native state stability and function. Destabilization of the folded state by mutations at one site can be compensated by mutations at distant or nearby sites (Lesk and Chothia, 1980; Neher, 1994) . Thus, it is important to study covariations of amino acids at distinct sites to decipher if there is communication between the two, especially as it pertains to function. Long-range communications between several residues (both along the sequence and across domains or interfaces in protein complexes) are crucial for biological function. Thus, it might also be necessary to introduce methods to infer multi-site variations across sequences in order to understand a number of issues in proteomics.
Correlations between amino acids in protein families have been probed using computational methods beginning with the classic works of Lesk and Chothia and Altschuh et al. (Lesk and Chothia, 1980; Altschuh et al. 1987 ). Several studies (Neher, 1994; Taylor and Hatrick, 1994 ; Pollock and Taylor, 1997) have discovered relationships between coordinated amino acid changes that occur during evolution and the corresponding structural alterations. The working hypothesis in these studies is that a mutation at a site that compromises the function is often compensated by a mutation at another site that is in proximity in the three dimensional structure. The difficulty in validating the working hypothesis arises largely because multi-correlation effects, which are difficult to capture (Pollock and Taylor, 1997) , can be important in compensating a given mutation. Nevertheless, the computational methods that capture sequence covariations have provided insights in a number of areas of protein science (Landgraf et To infer the functional importance of correlated mutations, it is crucial to include physicochemical characteristics of amino acids (charge, volume of side-chains, hydrophobicity, etc.) to describe the positions in a multiple sequence alignment (MSA) (Lesk and Chothia, 1980; Neher, 1994) . Based on a study of divergent evolution in a set of protein families with known folds (Chelvanayagam et al., 1997) it has been argued that only charged residues show discernible covariation at all evolutionary distances. With these observations in mind, we have investigated, using a new method, covariations among charged residues in 839 families. To obtain such correlations we introduce a function, the Sequence Correlation Entropy (SCE), that measures the extent to which two sites along a given sequence are coupled. The values of SCE for protein families show that families/functions are associated with specific patterns of charges. There is a relationship between the degree of correlation of charged amino acids and the disease associations of a family. Families with high degree of correlation between charged residues also have many significant mixed charged-hydrophobic/polar runs in the sequences. These significant findings suggest that charges occur in well defined patterns. Furthermore, variations in charges along sequences occur often in a correlated fashion in the evolutionary process.
System and Methods
Sequence correlation function and the associated "entropy": We introduce a general measure that probes correlation between specific residues that are separated by a given length for a database of sequences. Here we focus on charged residues (D and E are negatively charged, and K and R are positively charged). To measure the correlation along the sequence between two charged residues, i and j (i, j ǫ {+,-}), we introduce the Sequence Correlation Entropy (SCE)
where s k is the sequence separation between the residues, k labels the pairs (i, j), and I max (i, j)
is the total number of sequence separations between residues i and j along the sequences of the family. We choose those pairs for which the locations of i and j are consecutive, or only those (i, j) pairs for which there is no identical pair located between them. The probability of finding residues i and j at s k in the MSA is
where n seq (i, j) is the number of sequences in the MSA, n (l) (i, j) is the number of pairs of the type (i, j) in sequence l and n (l) (i, j)[s k ] is the number of pairs of type (i, j) from sequence l at separation s k . This equation is meaningful only if the statistical ensemble contains at least one pair of type (i, j). Note that P s k (i, j) satisfies the normalization condition
Because the SCE uses a "quenched" sum (no preaveraging over all the sequences in the MSA)
over the sequences of a given family, significant correlations, if present, can be gleaned. In contrast, in the mutual information function the equivalent of Eqn.(2) would be
which involves implicit preaveraging over all the sequences in the MSA and might therefore mask correlations between residues. The SCE depends only on s k and P s k (i, j) regardless of where i and j are located. This accounts for the possibility that, to preserve the function, small rearrangements in the sequence could be preferred to compensatory changes at fixed positions along the sequence.
To assess the significance of SCE it is necessary to calculate its expected value if the pairs are randomly distributed. For a protein family, with L F AM being the sequence length in the MSA, let N(i, j) be the total number of pairs of type (i, j) and I max (i, j) = L F AM − 1 be the maximum sequence separation between pairs of residues. If the (i, j) pair occurs randomly, the
. To compare results for SCE from all families on equal footing, we usē
where
. IfS(i, j) = 0 it implies that amino acids i and j always occur at separation s k in all members of the family. A relatively small value ofS(i, j) means that there is a preferred sequence separation s k for the (i, j) pair.
Significant mixed runs of charged and hydrophobic/polar residues: Karlin et al. (Karlin, 1995; Karlin et al., 2002) found that, in five eukaryotic genomes, multiple long runs of given types of amino acids occur in proteins associated with diseases. For example, multiple long runs of glutamine, alanine, and serine dominate in Drosophila melanogaster whereas in human sequences a preponderance of glutamate, proline, and leucine is found.
Guided by these findings, we searched for significant mixed charged-hydrophobic (CH) or charged-polar (CP) runs. A mixed CH (CP) run is the longest possible segment of consecutive amino acids along the sequence such that the first and the last positions are occupied by charged amino acids while residues in between are either charged or hydrophobic (polar). If To compute SCE, we considered a dataset of 839 families from Pfam (the list is available upon request). The criteria for choosing the families were: i) the average length of sequences in the family be at least 40 residues; ii) the number of members in the family be large so that an ensemble of (i, j) pairs can be created; iii) the families give a good coverage of the various protein functions. The database of families ("All") consists of heat shock proteins Therefore, if there exists a tendency of the protein families to cluster then such a tendency will manifest itself in the behavior of the eigenvectors associated to the largest eigenvalues (because higher order eigenvectors are bound to remove structure from the data points). Indeed, the plot of the second eigenvector (EV2) versus the first eigenvector (EV1) (data not shown) reveals two clusters of data: one corresponding to positive values of EV2, the other corresponding to negative values of EV2. But the boundary between the two clusters is not well defined.
A much better picture is provided by the plots of EV4 versus EV1 from Many protein families known to be associated with various diseases belong to the HC class (Table I) . Examples of families belonging to the HC class are prions, Aβ peptide, the τ protein and Sup35 (one of the Yeast prions) which are all known to aggregate and form fibrils. in general, there is no good correlation between the sequence similarity in a family and its class ( Fig.1(b) ). There is considerable variation in the sequence identities between families in both the HC and MC class ( Fig.1(b) ). Both these control calculations show that the values of SCE among charged residues may indeed be associated with the function of the protein.
(c) To determine the significance of theS(i, j) values in the various families, a comparative analysis with a random dataset is required. For this, we built 100,000 sets each containing 1000 sequences of length 100. Each position in a sequence was assigned one of the 20 types of amino acids with equal probability. The corresponding distributions ofS(i, j) values (data not shown) are narrow with averages corresponding to 69%, 57% and 76% forS(+, +),S(+, −), andS(−, −) respectively. Using these data sets, the Pvalues forS(i, j) in the HC class are < 10 −5 , which shows that the calculatedS(i, j) values are very significant. More importantly, the link betweenS(i, j) and the tendency to aggregate is indeed meaningful.
Specific sequence separations in charged residues may be preferred in proteins belonging to the HC class: Plots of P s k (i, j) as a function of of s k for three of the families in the HC class show (Figs.3) that there is considerable structure in P s k (i, j) which implies that in these families there is distinct correlation among charged residues at preferred values of s k .
Surprisingly, despite the similarity in the overall degree of correlation in prions and DNA-polB and HCV capsid proteins, the behavior of P s k (i, j) in prions resembles more closely that of the HCV capsid: in both cases there are a few peaks separated by deep valleys. On the other hand, in DNA-polB P s k (i, j) decays smoothly with the increase in s k .
The availability of a representative structure in these families allows us to map these high probability sequence correlations (Figs.3) and their occurrence in the structure. Mapping onto the NMR structure of the human prion protein (1QLX) of the positions that are involved in the pairs that correspond to the largest P s k (i, j) (Fig. 4(a) ) shows that these 30 positions (which are mostly found in the 3 helices) are clustered almost entirely on one face of the three dimensional prion structure. In the prion family the localization of charged amino acids in the 3D structure is reflected in the specific peaks in P s k (i, j). A similar mapping of positions (selected on the same basis as in prions) in DNA-polB on a structure from Thermococcous Gorgonarius (1TGO)
shows that these positions are uniformly distributed on all faces of the structure. If the linear density of charges (number of charged residues divided by sequence length) is roughly uniform, we expect P s k (i, j) to decay smoothly without any structure. This is the case in DNA-polB family (Figs.3) . As a result we find that, at the tertiary structure level, the charges are roughly uniformly distributed throughout the surface (Fig. 4(b) ).
Could the observation of preferred sequence separation be anticipated from sequence entropy calculation alone? To answer this, we calculated S(i) = − N class α=1 p α (i)lnp α (i) using four classes (N class = 4) of amino acids (positively and negatively charged, polar, hydrophobic) and where p α (i) is the probability of observing amino acid α at site i in a MSA (p α (i) = Link between number of significant mixed runs and SCE: The distribution of R run (CH) for the protein families in the three classes (HC, MC, LC) shows clear differences between them (data not shown). In proteins belonging to the HC class (104 members) there is a long tail in the distribution of R run (CH) which implies that a large number of mixed (CH) runs are found. In the HC class we find that a significant number of proteins have R run (CH) > 3 whereas the maximum value is R run (CH) < 3 for protein families belonging to the MC class We note that, in general, R run (CP ) > 1 occurs only in families of proteins associated with diseases, while R run (CH) > 1 is found in both families of normal proteins and of proteins associated with diseases. Even more interestingly, this analysis reveals differences between disease-related proteins which might be the reflection of the corresponding disease mechanism:
proteins found in allergens and toxins and the majority of proteins related to cancer have large 
Discussion
Comparison with other methods for extraction of sequence correlations: In the Methods section we noted that a quenched average over the sequences in the MSA can reveal novel correlations between residues (Eqn. (2)). To ascertain if similar inferences can be drawn using other methods we performed a Mutual Information Function (MIF) (Li, 1990 ) analysis of pairs of charged residues in the various protein families. We first determined the probability to find a charged residue (type C1) at a given position i in a MSA,
is unity if the amino acid at position i is type C1 and is zero otherwise. The probability of finding a pair of charged residues (C1 and C2) at two positions (i and j) in the
The MIF is
Just as before, we need to factor out the effects of the length of each MSA, so we measured the quantity:
The MIF * (C1, C2) values for all 839 families are much smaller than the maximum possible
) and P (C1) = 0.11).
The lack of any discernible structure (which is indicative of correlations among the chosen residues) in the MIF * (C1, C2) values is likely the result of pre-averaging over the sequences in the MSA. Our method, which does not use preaveraging (see Eqn. (2)), is therefore able to capture correlations that are not easily detected by the MIF approach. It is worth noting that MIF is suitable for many practical applications. A combination of methods might be required to obtain correlations between residues using sequence information alone. (Table III) between these species. Despite the lack of significant differences (see Table III Each family was classified according to its class (HC, MC or LC) as described in the text. ( Fig.(3) ) are shown in black. Highly correlated charged residues in sequence space are localized in the three dimensional structure. (b) Similar picture for 1TGO, which is a representative structure for DNA-polB. The black shades represent residues that have significant values of P s k (i, j) (Fig.(3) ). Charged residues are uniformly distributed in the three dimensional structure. 
